Introduction
Volatile organic compounds (VOCs) affect air quality by producing ozone and organic particulate matter. They are emitted by anthropogenic, pyrogenic, and biogenic sources, and they are oxidized in the atmosphere by the hydroxyl radical (OH) with a range of lifetimes. Highly reactive VOCs with lifetimes of less than a day are particularly relevant for air quality (Wert et al., 2003) . Oxidation of these highly reactive VOCs produces formaldehyde (HCHO) near the emission sources. HCHO columns can be observed by satellites and from there the rate of VOC emissions can be inferred (Barkley et al., 2013; Marais et al., 2012; Palmer et al., 2003; Stavrakou et al., 2009; Zhu et al., 2014; . Major efforts have been underway in China over the past decade to reduce pollution and this has led to large decreases in emissions, but inventory estimates suggest that VOC emissions have not decreased (Zheng et al., 2018 ). Here we examine 2005-2016 trends of HCHO in China as observed from space by the OMI, SCIAMACHY, and GOME-2 instruments, and we infer from there the long-term changes of VOC emissions over that period.
Quantifying anthropogenic VOC emissions in process-based inventories is difficult because the processes involved include leaks, volatilization, and incomplete combustion, with highly uncertain emission factors (Zheng et al., 2018) . Crop residue burning may also be a large seasonal source of VOCs in parts of China ©2019. The Authors. This is an open access article under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs License, which permits use and distribution in any medium, provided the original work is properly cited, the use is non-commercial and no modifications or adaptations are made. (Cao et al., 2018; Huang et al., 2012) but is poorly quantified (Huang et al., 2012; van der Werf et al., 2010; Zhang et al., 2016) . Biogenic emissions by vegetation, in particular of isoprene, are an additional source of VOCs (Fu & Liao, 2012; Guenther et al., 2006) . A number of studies have used HCHO observations from space to infer VOC emissions and test inventories (Palmer et al., 2003; Stavrakou et al., 2009; Zhu et al., 2014) , including specifically for China (Cao et al., 2018; Chan Miller et al., 2016; Fu et al., 2007) . De Smedt et al. (2010) found a 3% a −1 HCHO increase over
China between 1997 and 2009 that they attributed to changes in VOC emissions. Our work extends the trend analysis to more recent years including the spatial distribution across eastern China with focus on separating anthropogenic, pyrogenic, and biogenic contributions.
Data and Methods
The core of our analysis is based on the OMI HCHO Level 2 product (Collection 3) from the Smithsonian Astrophysical Observatory (OMI-SAO), as described by González . OMI is a UV/Vis nadir solar backscatter spectrometer launched in 2004 and provides daily global observations at a 13 × 24 km 2 nadir pixel resolution with a local equator crossing time of 13:38 (Levelt et al., 2006) . HCHO slant columns are fitted using backscattered solar radiation within the 328.5-356.5 nm band and converted to vertical columns using air mass factors based on vertical profiles from the GEOS-Chem model (González Abad et al., 2015) . Similar to Zhu et al. (2014) , we only use observations that (1) pass all quality checks, (2) have a cloud fraction less than 0.3 and solar zenith angle less than 60°, and (3) are from rows 1-20 and 55-60 of the OMI detector that are not affected by the row anomalies (Kroon et al., 2011) . The daily HCHO columns are then averaged on a 0.5°× 0.5°grid to yield a 12-year monthly product for [2005] [2006] [2007] [2008] [2009] [2010] [2011] [2012] [2013] [2014] [2015] [2016] . We focus on May-September when prompt oxidation of VOCs provides the strongest HCHO signal . Lower oxidant concentrations in winter leads to smearing and dilution of the signal below the detection limit of 1 × 10 16 molecules cm −2 (González Abad et al., 2015; Zhu et al., 2014) . There is a well-known global background drift in the OMI data that we correct following Marais et al. (2012) , , and Validation with aircraft and ground-based measurements shows that the OMI-SAO HCHO columns have a uniform 40% low bias and that other satellite HCHO products have similar biases (Barkley et al., 2013; De Smedt et al., 2015; Zhu et al., 2016) , possibly due to common errors in spectral fitting. Validation by Zhu et al. (2016) over the Southeast United States suggests that this bias is uniform and can be remedied with a correction factor. Figure 1 compares the OMI-SAO data with ground-based MAX-DOAS column measurements in four Chinese cities (Lee et al., 2015; Li et al., 2013; Wang et al., 2017) . Assuming that the MAX-DOAS measurements are representative of the~20 km OMI pixel scale, we find a mean 33% low bias in OMI, consistent with past work. On that basis we apply a uniform correction factor of 1.5 (i.e., 1/(1-0.33)) to the OMI-SAO data.
We compare the OMI-SAO HCHO trends with data from other satellite instruments and retrievals available from the Belgian Institute for Space Aeronomy (BIRA) at http://h2co.aeronomie.be/. These include SCIAMACHY for 2002 (De Smedt et al., 2008 Wittrock et al., 2006) , GOME-2 on MetOp-A for 2007 and MetOp-B for 2013 -present (De Smedt et al., 2012 Hewson et al., 2015) , and the OMI retrieval developed by BIRA for 2005 (OMI-BIRA, De Smedt et al., 2015 . The overpass local solar time is roughly 13:30 for OMI and 9:30 for GOME-2 and SCIAMACHY. We multiply the GOME-2 HCHO columns in MetOp-A by 1.19 to match the mean 2013 HCHO columns observed by MetOp-B over eastern China (110-125°E, 21-42°N), and then we combine these two into a single GOME-2 data set. We multiply the (2013), Lee et al. (2015) , Vlemmix et al. (2015) , and Wang et al. (2017) , as compiled in Table S3 of Cao et al. (2018) . The OMI-SAO data are means for the observation period. HCHO = formaldehyde.
SCIAMACHY, GOME-2, and OMI-BIRA products by constant scaling factors (1.40, 1.31, 1.32) to match the bias-corrected OMI-SAO data over the same eastern China domain during 2007-2011 (an overlapping period for all products). Diurnal variation of HCHO columns between 9:30 and 13:30 is thought to be only a few percent (Millet et al., 2008) .
We use the Multi-resolution Emission Inventory for China (MEIC, Zheng et al., 2018) Wiedinmyer et al., 2011) , which is based on fire counts from the MODIS satellite instrument. Fire emissions peak in June after the wheat harvest (Stavrakou et al., 2016; Zhang et al., 2016) . For biogenic emissions we use the MEGAN v2.1 inventory of Guenther et al. (2012) as implemented in GEOS-Chem by Hu et al. (2017) . All data are available for 2005-2016.
We perform a 12-year simulation (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) (2016) with the 2°× 2.5°GEOS-Chem global model of atmospheric chemistry (v11-02, http://geos-chem.org) to relate trends of anthropogenic VOC emissions to trends of HCHO columns. The model is driven by MERRA2 assimilated meteorological data (Gelaro et al., 2017) . Anthropogenic and open fire emissions are from MEIC and FINN. Biogenic VOC emissions for all years are computed with MEGAN v2.1. We neglect any changes in land cover that would drive a trend in biogenic HCHO.
The biogenic source has a large temperature dependence that is apparent in the interannual variability (IAV) of HCHO column observations Zhu et al., 2014) and can obfuscate long-term trend analysis . Here we remove this dependence in the OMI data following by regressing the May-September monthly mean HCHO columns onto midday surface air temperatures for 2005-2016 in each grid cell, and subtracting the fitted temperature dependency from the original data ( Figure S1 ). Table S1 . The principal anthropogenic VOC contributors to HCHO are alkanes (49%), alkenes (34%), and aromatics (10%). The principal open fire VOC contributors are alkanes (40%), carbonyls (34%), and alkenes (21%). The principal biogenic VOC contributors are isoprene (73%), monoterpenes (12%), and propene (9%).
Results and Discussion
We see from Figure 2 that the observed OMI HCHO distribution follows that expected from the MEIC anthropogenic inventory, with high values found in megacity clusters. It does not follow the biogenic source from MEGAN, which contributes more HCHO over eastern China during May-September (8.6 vs 5.5 Tg), but it is more broadly distributed. This contrasts with the United States where OMI HCHO distribution closely matches the MEGAN biogenic source pattern because the anthropogenic source is considerably lower (Millet et al., 2008) . The open fire source from FINN follows the distribution of cropland (Xie et al., 2016) but is much smaller (0.58 Tg) than the anthropogenic and biogenic sources. increases in the NCP and YRD, corresponding to the regions of maximum OMI HCHO increases in Figure 3a .
The MEIC-driven model increases relative to 2005 are +1.0 ± 0.3% a −1 in the NCP and +1.0 ± 0.2% a −1 in YRD, consistent with the satellite trends and implying consistency of the satellite and MEIC emission trends. FINN shows a decrease in open fire emissions in the HRB, matching closely the pattern of OMI HCHO decrease in that region, and reflecting recent bans on agricultural fires because of concerns over air quality (Zhang et al., 2016; Zhuang et al., 2018) . The magnitude of the decreasing trend in FINN open fire emissions is however much smaller than the increase in MEIC anthropogenic emissions (note the different scales in Figure 4 ), explaining why GEOS-Chem does not capture the localized HCHO decrease in the HRB observed by OMI. , very similar to the trend of 1.1% a −1 with varying NO x emissions ( Figure S3b ). This is because the prompt HCHO yield is relatively insensitive to NO x emission changes in the high-NO x regime (Chan Miller et al., 2017) .
The inability of GEOS-Chem to reproduce the observed OMI HCHO decrease over the HRB suggests that FINN open fire emissions may be too low, consistent with Cao et al. (2018) . Burning in that region is from small agricultural plots and this may be poorly detected by MODIS either as fire counts or burned area (Huang et al., 2012; van der Werf et al., 2010; Zhang et al., 2016) . The frequently used Global Fire Emissions Database version 4 with small fires (GFED4s, van der Werf et al., 2017), also relying on MODIS, is three times lower than FINN over the HRB. An inverse analysis of OMI HCHO data by Stavrakou et al. (2016) for eastern China finds open fire emissions three to four times higher than FINN.
We have so far analyzed linear trends over the 2005-2016 period, but the MEIC and FINN inventory trends show significant nonlinearity ( Figure S4 ). Anthropogenic emissions grew at a weaker rate after 2010 and leveled off in the NCP. Open fire emissions began to decrease only after 2012 and dropped to nearly zero by 2016.
Figure 5 addresses this nonlinearity in the trend by showing the annual changes relative to 2005 of HCHO columns in our three target regions and including other satellite products in addition to OMI-SAO. We find good consistency between satellite products in the long-term trends and IAV, reflecting the robustness of temporal trends in the satellite data when averaged spatially on a regional scale (Zhu et al., 2016) . The model represents well the long-term trends in NCP and YRD, including the leveling off after 2010 apparent from the MEIC and FINN inventories ( Figure S4 ). The satellite data show fairly consistent 5-10% IAV in NCP and YRD superimposed on the long-term trend but the model does not reproduce that. This suggests more year-to-year variation in VOC emissions than indicated by MEIC. The relatively low values observed in 2009 could reflect the economic recession. There could also be IAV from agricultural fires not accounted in FINN. The observed IAV in the HRB is much larger than in NCP or YRD, as might be expected from fire emissions, and the decrease starts after 2010 which is consistent with the ban on agricultural fires. We find that this decreasing trend in the HRB data after 2010 is most pronounced in June which is the peak fire month ( Figure S5 ). The inability of the model to reproduce the amplitude of this decrease is consistent with the FINN fire emissions being too low. The MEIC inventory finds a leveling of VOC emission trends after 2010 and this is indeed seen in the satellite data. Unlike other pollutants like SO 2 or NO x , VOC emissions in China have not been decreasing in recent years. An exception is the HRB, where the satellite instruments show a decrease over the 2005-2016 period though with large IAV. This is a region where considerable crop residue burning used to take place until the early 2010s but has since been banned because of air quality concerns. The decreasing trend seen in the HCHO satellite data for that region implies much higher open fire emissions in the pre-2012 period than estimated in the FINN and GFED4 inventories.
